RankingWordNetSense®utomatically

CSRP569

DianaMcCarthyandRob KoelingandJulieWeeds

Departmenbf Informatics,Universityof Sussg, Falmer BrightonBN1 9QH
January2004

1 Abstract

In word sensedisambiguation(wsb), the heuristicof choosingthe first listed sense
in a dictionaryis often hardto beat,especiallyby systemshat do not exploit hand-
taggedtrainingdata. The problemwith usingthe first senseheuristic,asidefrom the
fact that it doesnot take surroundingcontect into account,is thatit assumesome
guantityof hand-taggedata.Whilst therearesomehand-taggedorporaavailablefor
somelanguagespne would expectthe frequeng distribution of the sense®f words
to dependon the genreanddomainof the text underconsideration For example,one
would expecta differentpredominansensefor star if onewerelooking at scientific
astronomyreportscomparedwith popularnevs. We presentwork on the useof the
WordNetsimilarity packageanda thesaurusutomaticallyacquiredfrom raw textual
corporato rank WordNetnounsensesutomatically The resultsare promisingwhen
evaluatedagainsthe gold-standargbrovided by SemCor giving usa theoreticalwsb
precisionof 60% on an all-wordstask. Moreover, someof the rankingerrorscanbe
explainedby differencesn the corpusdatausedto producethethesaurugomparedo
this gold-standardOur experimentsalsoshaw thatthe automaticrankingcanbe used
to filter sensesvhich areunseeror infrequentin the gold-standard.

2 Intr oduction

Thefirst senseheuristicwhich is oftenusedasa baselinefor supervisedvsb systems
frequentlyoutperformsysb systemsvenwhenthey takesurroundingcontext into ac-
count. This is shavn by the resultsof the Englishall-wordstaskin SENSEVALZ2 [5]
in figure 1 below wherethefirst sensenheuristic(labelled'First Sensel’) wasobtained
usingthefrequencie®f thesensaaggeddataprovidedwith WordNet1.7.* Thefigure

1We areindebtedo JuditaPreissfor thisfigure.



File (%) | Genre(%)
Nouns 70 66
Verbs 79 74
Adjectives 25 21

Table1: Percentagesf wordswith a differentpredominansensen SemCor across
filesandgenres.
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Figurel: Thefirst senseneuristiccomparedvith SENSEVAL2 results

distinguishesystemsavhich makeuseof hand-taggedata(usingHTD) suchasSem-
Cor[16], from thosethatdo not (withoutHTD). Usingthefirst listedsensen WordNet
for thePoSgivenby thePennTreeBankvould have givenaprecisionandrecallof 57%
[17], andthisis shovn with thelabel‘First Sense&’. Thehigh performancef thefirst
sensdéaselinds largely becausef theskevedfrequeny distribution of the sensegor
mostwords.Eventhosesystemsvhich shav superiomperformancéo thiscrudeheuris-
tic oftenmakeuseof it whereevidencefrom the context is not sufiicient[6]. Whilst a
first senseheuristichasedn a sense-taggedorpussuchas SemCaoiis clearly useful,
thereis a strongcasefor obtaininga first, or predominantsensdrom untaggedorpus
datasothatthe wsD systemcanbe tunedto the genreor domainat hand. We carried
outananalysisof the polysemousouns verbsandadjectivesin SemCoroccurringin
morethanoneSemCoffile, andfoundthata large proportionof nounsandverbshave
a differentfirst sensdn differentfiles andalsoin differentgenres(seetable 1). For
adjectivesthereis alot lessvariation.

Sincemary wordschangeheir predominansensedependingpn the genreor do-
main and hand-tagginglatais a costly processt would be usefulto have a method



of rankingsensedlirectly from untaggeddata. Many wsb systemse.g. [25, 6] use
thefirst senseheuristicwithin their systemspecauset is so powerful. An automatic
rankingof sensesvould beusefulfor wsb systemswhetheror notthey alsousehand-
taggeddatafor training. Additionally, researcherbave usedthe predominansenseof
wordsto improve lexical acquisition[14, 9] so we believe automaticrankingwhich
couldbetunedto thedataat handwould be usefulfor this. As well asbeingusefulfor
determininghetoprankingsensesf aword,we hopethata methodfor rankingsenses
would alsobe usefulfor identifying infrequentandpotentiallyredundansenses.

Assumingthatonehada wsb systemthat could accuratelytag a portion of text
thenonecouldobtainfrequeng countsfor thesenseandrankthemwith thesecounts.
However, the mostaccuratewsD systemsare thosewhich require manually sense
taggeddatain thefirst place,andtheir accurag seemgo dependon the quantity of
training exampleg[8] available. We areinvestigatinga methodof automaticallyrank-
ing WordNetsensegrom raw text.

Mary researcheraredevelopingautomatichesaurusesom automaticallyparsed
data. Frominspectingthe lists of neighboursf the thesaurusesne canseethatthe
orderedneighbourgelateto the differentsense®f the targetword in theselists. For
example, the neighboursof star in a dependengcbasedthesaurugprovided by Lin 2
hasthe orderedist of neighboursssuperstarplayer teammateactor earlyin thelist,
but one canalsoseewordsthatarerelatedto anothersenseof star e.g. galaxy sun,
world and planetfurther down thelist. The neighbourgeflectthe varioussense®of
the word to which they relate,star in this example. We expectthat the quantityand
similarity of the neighbourgertainingto differentsensewwill reflectthe dominance
of the senseo which they pertain. This is becauseherewill be morerelationaldata
for the more prevalentsensesomparedo the lessfrequentsensesin this paperwe
describeandevaluatea methodfor automaticallyrankingpredominansensesf nouns
usingtheneighbourdrom automaticallyacquiredhesaurusesjongwith theWordNet
Similarity measuref2(Q] for weightingthe sense®f thetargetword with the similarity
betweerthe neighboursandthe senses.

Thepaperis structuredasfollows. We discusour methodin thefollowing section
andin section 4 describehe experimentaketup.Section5 givestheresultsof aquan-
titative evaluationusingSemcCoiasa gold-standardT heseesultsarethendiscussedh
section6. In section7 we shaow furtherresultsof applyingour methodto two domain
specificsectionof the Reuterscorpusfor a smallsampleof words.We describesome
relatedwork in section8 andconcludein section9.

3 Method

In orderto rank sensesve first produceautomaticallyacquiredthesaurusebasedon
the methodsof Lin [12]. We thenusethe WordNet similarity package[20] which
providesan implementatiorof a hostof measuredor calculatingsimilarity between
words, or senseswithin WordNet. To rank the sense®f a word (w) we take the £
nearesneighbourof thatword from the automaticthesaurusindfor eachneighbour

2Downloadabldrom
http://www.cs.ualberta.ca/ lindek/demos/depsim.htm



we find the WordNetsimilarity scoreof the sense®f word w to thatneighbouyusing
the senseof the neighbourthatmaximiseshis score.We thenusethe distributionally
basedsimilarity scoredrom the thesaurusor eachneighbouralongwith the WordNet
similarity scoresdetweereachneighbourmndeachsenseof thetargetword to rankthe
senses.

More preciselylet N, = {nu1, nw2...ny 1} betheorderedsetof the top scoring
k neighbourof w from the thesaurusvith associatediistributional similarity scores
{dssnw1, dSSnwa, ...dsspwr }. Let WS, bethe setof sense®f w. Eachneighbour
(nwj € Ny) isthenassociateavith alist of thesensegws; € W .S,,) with associated
WordNetsimilarity scores(wnss, s, n,;) betweenws; andthe senseof the n,,; that
maximiseghe WordNetsimilarity. We rankeachsensevs; € W S,, using:
RankingScorews; =

WNSSy g, Ty

E dssy,,; X 5= 1)

Nwsi€Nuw ws €W S, wnsswsz/ﬂwg‘

3.1 Acquiring the Automatic Thesaurus

Thethesaurusvasacquiredusingthe methoddescribedy Lin [12]. For inputto the
thesaurusve usedgrammaticatelationdataextractedfrom thethe 90 million wordsof

written Englishfrom the British NationalCorpus(BNC) usinganautomatigarsei3].

For eachnounwe consideredhe co-occurringverbsin the direct objectand subject
relation,the modifying nounsin noun-nourrelationsandthe modifying adjectizesin

adjective-nounrelations.A noun,n, is thusdescribedy a setof co-occurrencériples
< n,r,w > andassociatedrequencieswherer is a grammaticakelationand w is

a possibleco-occurrencavith n in thatrelation. For every pair of nouns,whereeach
noun had a total frequeng in the triple dataof 10 or more,we computedtheir dis-

tributional similarity usingthe measuregiven by Lin [12]. If T'(n) is the setof co-

occurrenceypes(r, w) suchthatl(n, r, w) is positive thenthe similarity betweerntwo

nouns,n; andns, canbecomputeds:

Y (rw)eT(n)nT(n) (M1, 7 w) + I(na, 7, w))
Yorayer(ng) 1011 0N+ 200 uyer(ny) L2, 7, w)

where:

P(wlnnr)

I(n,r,w) = log Ple]r)

A thesauruentry of sizek for atargetnounn canthenbe definedasthe & most
similar nounsto nounn.
3.2 The WordNet Similarity Package

We usethe WordNetSimilarity PackageD.05andWordNetversionl1.6. The WordNet
Similarity packagesupportsa rangeof WordNetsimilarity scores.We experimented



with 6 of these® andbriefly summarisghembelaw, for a moredetailedsummarysee
[19]. The measureprovide a similarity scorebetweerntwo WordNetsensegcl and
c2).

lesk [2] This scoremaximiseghe numberof overlappingwordsin the gloss,or def-
inition, of the senses.t usesthe glossesxof semanticallyrelated(accordingto
WordNet)sensesoo.

Ich [10] lch(cl,c2) = maz[—log($42))] whereSL(cl, c2) is the lengthof the
pathwith theminimumnumberof interveningclassedetweernc1 andc2 and D
is themaximumdepthof thehierarchyi.e. thelargestdistancebetweerary leaf
andtherootof the hierarchy

edge A simplisticmeasuravhich invertsthe edgecountsbetweercl andc?2.

edge(cl,c2) = m

res [21] This scoreusesfrequeng countsto populatethe hierarchy It is calculated
asthe information content(IC) of the class(¢3) which is the lowestpossible
subsumenf thetwo senses.
res(el, e2) = IC(e3) whereIC(c3) = —log(p(c3))

jen [7] Actually adistancemeasuravhich relatego theresmeasurebut with anotion
of path-length:
distjen(cl, c2) = IC(cl) + IC(c2) — 2 x res(cl, ¢2)
This is transformedrom a distancemeasuran the WN-Similarity packageby
takingthereciprocal:
Jen(cl, e2) = 1/distj.n(cl, c2)

lin [13]. The similarity betweentwo classess the ratio of the information needed
to statethe sharednformationandthe amountof informationto describehem
independentlyThisis relatedto thejcn measure.

2Xxres(cl,c2

lin(cl, c2) = TC(c)+IC(c2)

4 Experimental Setup

In orderto evaluateour rankingswe usethedatain SemCorasagold-standardThisis
notidealsincewe expectthattherankingswithin SemComwill bedifferentto thosethat
would be obtainedfrom the BNC, from which we obtainour thesaurusNevertheless,
sincemary systemsperformedwell on the English all-wordstask for SENSEVAL2
usingthe frequeny informationin SemCorwe believe this is a reasonabl@approach
for evaluation.

We generated thesaurugntry for all polysemousounswhich occurredin Sem-
Corwith afrequeng greaterthan2, andin the BNC with afrequeng of atleast10in
the grammaticakelationslistedin section3.1 above. Threeof the measuregjcn, lin,

3Thereareafurthertwo scoresn this packagebut theimplementatiorin this versionof the packagevas
tooslow for usto completeheexperimentsvith them. Theseothermeasureslid not performaswell aslesk
andjcn in previouswsb experiment$19]



res)in the WordNetsimilarity packageare producedusing corpusdatato obtainthe
IC of aclass.We evaluatedthe rankingsusingfour variationsin obtainingthe counts
for thesewith datafrom (i) theBNC corpusandaresnikcountoptionwhichis imple-
mentedin the WordNetsimilarity package(hereaftereferredto asrc) (ii) the Brown

corpuswith rc (i) the Brown corpusand(iv) thedefaultcountsderivedfrom SemCor
All the resultsshavn hereare thosewith the size of thesaurugentries(k) setto 50.
We repeatedhe experimentwith the BNC datafor jcn usingk = 10, 30,50 and70

however, the numberof neighbouraisedgare only minimal changedo the resultsso
we do notreportthemhere.

4.1 Evaluation Metrics

For evaluationwe comparehe automaticankingswith datain SemCor We calculate
the accurag of finding the predominansensewhenthereis indeedone sensewith
a higherfrequeng thanthe othersfor this word in SemCor(PS,..). We alsouse
a pairwiseagreemen{P W A) of rankingsdevised by Briscoeand Carroll [4]. This
takeseachpair of sensest positions(z, y) in theautomaticrankingsuchthatz < y
andcalculateghe percentagagreemenof all suchpairswherethe pairis orderedthe
sameasthegold-standardanking.We alsocalculatethe WSD accurag thatwould be
obtainedon SemCorwhenusingour top rankedsensen all contets (W S D;..).

As well asbeing useful for determiningthe top ranking sensesf a word, we
hopethat our methodwill be goodfor identifying infrequentand potentially redun-
dantsenses.This would be particularly usefulwhenapplyingthe methodto domain
specifictext, ratherthanbalancedext like the BNC. To evaluatethis we takea thresh-
old of the ranking scorewhich would filter a constantpercentagd 7 %) of the sense
typesin our experiment. We then calculatethe percentagef thesesensetypesthat
do notoccurin SemCoratall (F'type,..), andfor thosethatdo, we calculateF't ok,
which is the percentag®f senseiokensthatwould be filtered incorrectly using this
rankingscoreasathreshold(i) from theentiresetof nouns,and(ii) from the subsebf
nounsthathave atleastonesensdiltered.

5 Results

The resultsin table 2 show the accurag of the rankingwith respecto SemCorover
the entire setof 2595 polysemousiounsin SemCorwith the 6 similarity measures.
The resultsin this table are obtainedusing the BNC rc IC file for the res, jcn and
lin measuresThe randombaselinegfor choosingthe predominansenseover all these
words (3, cwords m) is 32%. We seethat all WordNetsimilarity measures
beatthis baseline. Therandombaselingfor W S D;., obtainedby dividing eachword
tokenfrom SemCaoffor this setof wordsby the numberof sense®f thatword, is 24%.
Again,theautomaticrankingoutperformshis by alarge magin.

Table3 givesresultsfor thesensaankingfor the 2595nounsgiventhefour varia-
tionsfor obtainingthe IC datadescribedn sectiord above. Therankingresultsdo not
differ substantiallyexceptthat we do geta significantincreasein performanceusing
the defaultIC files providedwith the WordNetsimilarity package This is particularly



measure| PS,.. % | PWA% | WSD,. %
lesk 54 48 48
Ich 49 48 43
edge 50 49 44
res 48 45 39
jcn 54 50 46
lin 50 46 43

Table2: Resultswith the BNC thesaurugor a rangeof WordNetsimilarity scores

BNC resnikcount
measure| PS,;.. % | PWA% | WSD,. %
res 48 45 39
jcn 54 50 46
lin 50 46 43

Brown resnikcount
res 47 45 39
jcn 55 50 46
lin 50 47 43
Brown
res 47 45 39
jcn 54 50 46
lin 50 46 42
default(SemCor)
res 47 45 37
jcn 69 68 55
lin 62 64 49

Table3: Resultswith the BNC thesaurusor differentsourceof IC

the casewith thejcn andlin metricswhich usethe IC of the sense®f the wordsdi-
rectly. Thesedefaultfiles rely onthe sensdaggeddatafrom SemCor To avoid using
sense-taggedata(andin particularour testset)we revertto usingthe BNC rc IC files
for therestof thework describedn this paper

Theleskandjcn measureshaw the bestperformanceon the scoreshat evaluate
the rankings. The lesk measurewvas considerablyslower thanthe measuressuchas
jcn, whichrely on the precompilediles from the corpusdata. Sinceall measuregive
comparablaesultswe restrictedour remainingexperimentsto jcn becausehis gave
goodresultsfor thesensaankingmetrics,andis efficient, giventhe precompilatiorof
thelC files.

Table4 displaystheresultsobtainedvhenvaryingthefilter threshold(F%), giving
the numberof sensdypesfiltered from the full setof 10687senseaypesfor all 2595
polysemousiouns.F'type,.., describedborein sectiord.1,isthepercentagef these



F% | # Ftypes| Ftypegce | Ftokerr, | Ftoker,,,
1 99 57 0.04 25
3 298 57 1.3 33
5 508 57 2.1 32
10 998 56 5.3 44

Table4: Filteringresults

typesthatdo notoccuratall in SemCor Ftok..., is the percentagef tokensfiltered
from SemCaorin error using this threshold,and F'tok..,,, is that percentagdor the
subsebf nounswhich have atleastonesensdilteredusingthatthreshold.

Theresultsshaw thatthe majority of senseypesfilteredarethosethatdo notoccur
in SemCor Thebaselindor thistaskis 38%sincethatis thepercentagef senseaypes
for the setof polysemousiounsthatdo notoccurin SemCor Interestinglyincreasing
thethresholdseemso filter a higherpercentagef tokensthatshouldnotberemoved,
but thepercentagef sensaypesthatarefilteredcorrectlyremainssimilar. Thefiltering
thresholdusinga percentag®f sensaypesresultsin somewordshaving mary more
sensefdilteredthanothers.In the future we planto investigatethis morecarefullyand
determindf aword specificthresholdwould be moreappropriate.

6 Discussion

Frommanuaknalysistherearecasesvheretheautomaticankingis atoddswith Sem-
Cor, yettheautomatiaankingis intuitively plausible.Thisis to be expectedregardless
of ary inherentshortcoming®f therankingtechniquesincethe sensesvithin SemCor
will differ compareo thoseof the BNC. For example,in WordNetthefirst listedsense
of pipeis tobaccopipe, andthis is rankedjoint first accordingto the Brown files in
SemCorwith the secondsenseube made of metal or plastic usedto carry water,
oil or gasetc... Theautomaticrankingfrom the BNC datalists the lattertube sense
first. This seemsquite reasonablgiven the nearesneighbours? tube,cable, wire,
tank, hole,cylinder fitting, tap, cistern,plate...

SinceSemcCaoris derived from the Brown corpus,which predateghe BNC by 30
years® andcontainsa higherproportionof fiction ®, the high rankingfor thetobacco
pipe senseaccordingto SemCorseemgyuite plausible. It could however be that this
examplehighlightsa problemwith usingautomaticallyacquiredthesaurusefor some
cases.It may be thatthe tobacco pipe senses simply demotedbecausét doesnot
occurin a wide variety of contets andsoit is not adequatelyeflectedin the list of
neighbours.

4We shaw thefirst 10 for the sakeof brevity.

5Thetextin the Brown corpuswasproducedn 1961,whereaghe bulk of thewritten portionof theBNC
containgextsproducecetweerl975and1993.

66 out of the 15 Brown genresarefiction, includingonespecificallydedicatedo detectve fiction, whilst
only 20%of the BNC textrepresentBnaginatize writing, theremaining80%beingclassifiecasinformative.



Another examplewherethe rankingis intuitive, is soil. The first rankedsense
accordingto SemCoris the filth, stain: state of being unclean sensewhereasthe
automaticranking lists dirt, ground, earth asthe first sensewhich is the second
rankedsenseaccordingto SemCor This seemsntuitive given our expectedrelative
usageof thesesensedn modernBritish English,however, we have notmanuallyhand-
taggedhe BNC datato verify this.

Evengiventhedifferencen text of SemCorandtheBNC theresultsareencourag-
ing, especiallygiventhatthewsb performanceitedhereis for polysemousiouns.in
the Englishall-words SENSEVAL 2, 25% of the noundatawasmonosemousThus, if
we usedthe senseankingasa heuristicfor an“all nouns’taskwe would expectto get
precisionin the region of 60% which would have outperformedll systemaot using
hand-taggediataon the all wordstask,andmary of thosethatdid. We believe that
our techniquemay be of benefitto lexical acquisitionsystemsequiringwide coverage
WSD, or to high precisionWSD systemawvishingto makeuseof afirst senseneuristic.
Of course selectingthe first sensefrom SemCoroutperformsour automaticranking
when evaluatedon that samegold-standard.The questionthenis whetherautomatic
rankingworksbetterthana SemComerivedrankingwhenturningto anew text type.

7 Experimentswith Reutersdata

We areinterestedo seeif our methodis ableto capturethechangen rankingof senses
for documentdgrom differentdomains.In orderto do that we appliedour methodto
two specificsectionsf the Reuterscorpus.

7.1 ReutersCorpus

The Reuterscorpus[23] is a collectionof about810,000Reuters EnglishLanguage
News stories(covering the period August1996to August1997). Mary of the news
storiesare economyrelated,but several othertopics are includedtoo. We have se-
lecteddocumentgrom the SPOR'S domain(topic code:GSPO)andalimited number
of documentdrom the FINANCE domain(topic codes:ECAT (ECONOMICS)and
MCAT (MARKETYS)).

The SPOR' corpusconsistsof 35317documentgabout9.1 million words). The
FINANCE corpusconsistsof 117734documentgabout32.5million words). We ac-
quiredthesaurusefor thesecorporausingthe proceduralescribedn section3.1.

7.2 The Experiment

For this experimentthereis no existing gold-standardhat we could usefor a quanti-
tative evaluation. We thereforedecidedto selecta limited numberof words(11) and
to evaluatethesewords manually The wordsincludedin this experimentare not a
randomsample sincewe anticipatedifferentpredominansensesn the SPOR and
FINANCE domainfor thesewords’. We are planningto carry out a more extensive

"Therewere7 morewordsincludedin this experiment Thosewordsprovedto be neithergoodnor bad
examplesTheywerenot particularlyillustratve examplesandthereforeexcludedrom discussiorhere.



Word PSBNC PSFINANCE PSSPOR
pass 1 (accomplishmen} 14 (attempt) 15 (throw)
shae 2 (portion, asse} 2 2

division 4 (admin. unit) 4 6 (leagug
head 1 (body part) 4 (leader) 4

loss 2 (transf. property) 2 8 (death, departure)
competition| 2 (contest,socialevent) | 3 (rivalry ) 2

matd 2 (contes) 7 (equal,person | 2

tie 1 (neckweal) 2 (affiliation) 3 (draw)
strike 1 (work stoppagé 1 6 (hit,succesy
striker 1 (athlete) 2 (sailor) 1

goal 1 (end,mentalobject) 1 2 (scomw)

Table5: Domainspecificresults

evaluationin the nearfuture.

7.3 Discussion

Theresultsfor the experimentsaresummarizedn table5. Theresultsarepromising.
Most wordsshav the changean predominansensgPS)thatwe anticipated.It is not
alwaysintuitively clearwhich of the senses$o expectaspredominansensdor eithera
particulardomainor for the BNC, but thefirst sense®f wordslike divisionandgoal
shift towardsthe more specificsensegleagueandscore respectiely). Moreover, the
chosensense®f the word tie proved to be a textbook exampleof the behaiour we
expected.

Theword shae is amongthe wordswhosepredominansensaemainedhe same
for all threecorpora. We anticipatedthat the stock certificate sensewould be cho-
senfor the FINANCE domain,but this did not happen However, that particularsense
endedup higherin the ranking for the FINANCE domain. The word striker is also
aninterestingcasewherethe rankingis somevhat counterintuitive. We expectedthe
first sensdor the FINANCE domainto benonworker. Thethesaurushowever, gave
wordssuchas: pilot, trucker, driver, miner, farmer, teader, nurse steelworkeretc...
asnearesheighbourssincetheseoccurin similar contexts. Consideringheseneigh-
bours,the chosersensesailor is to beexpected.

This experimentshaws the behaiour we were expecting. However, we needto
evaluatethis quantitatiely. We areplanninganextensie quantitatve evaluationin the
nearfuture.

The fact that we canuseary collection of raw text for our method, meansthat
we have someexcellentopportunitesto usethe web asa corpus. Thereare several
directoriesavailable on the web with pointersto webpagesboutcertaintopics. We
couldhanesttexts from thewebusingthesedirectoriesandcreatecorporafor specific
domainsautomatically Thesedomainspecificcorporacould thenbe usedfor sense
rankingasdescribedn this paperandalsofor trainingatext classifierwhich couldbe

10



usedbothto obtainfurtherinput datafor domainspecificsenseaankingandfor usein
determininghedomainfor applicationof thedomainspecificranking.

8 RelatedWork

To our knowledgethereis no otherwork on automaticallyranking sensesOf course
this could be doneby usingan unsupervisedvsb systemto tag text and taking the
resultingrankings. The major problemwith this is thatthe accurag of unsupervised
systemsloesnot seento besufiicient. Theanswerdor systemsussg-sel[15] & would
give a PS,.. of 32%for finding the first senseaccordingto WordNet1.7. Systems
thatusetrainingdata,suchasSemCoywould undoubtedlydo betteron ranking,but it
would probablybe betterto usethetrainingdatadirectly.

Patwardharet. al. [19] have usedthe WordNetsimilarity packagegor wsb, and
evaluatedonthe SENSEVAL 2 Englishlexical sampledata. Theresultdook comparable
to othersthatdo notmakeuseof hand-taggedata,with theoptimumaccurag at 39%.
Interestingly variationof the IC files did not affect their resultsmuch, aswith ours,
however, unlike our resultsthis wasalsothe casewherethe sense-taggedatain the
SemCoffiles wasused.Thetaskis differentthough,in thatwe areevaluatingrankings
andnotperformingwsb. Additionally, ourgold-standaradvasthesameasthatusedfor
thedefaultIC files, whereadhey usedthe SemCorfrequeng countsbut thenapplied
their wsD to the SENSEVAL 2 lexical sampledata.

Therehasbeensomerelatedwork on usingautomatidhesaurusefor discovering
word sense$rom corpora.PantelandLin [18]. In thiswork thelists of neighboursare
themselesclusteredo bring out thevarioussense®f theword. They evaluateusing
the lin measuralescribedabove in section3.2 to determinethe precisionandrecall
of thesediscovered classeswith respectto WordNetsynsets. This methodobtains
precisionof 61% andrecall 51%. If WordNetsensedistinctionsare not ultimately
requiredthendiscoveringthe senseslirectly from the neighbourdist is usefulbecause
sensedistinctionsdiscoveredare relevant to the corpusdataand nev sensesanbe
found. In contrast,we usethe neighbourdists and WordNetsimilarity measureso
rankandfilter WordNetsensesWe believe automatiaankingandfiltering techniques
will beusefulfor systemghatrely on WordNet,for examplethosethatuseit for lexical
acquisitionor wsb.

9 Conclusions

We have deviseda methodthat usesrav corpusdatato automaticallyrank the senses
of nounsin WordNet. We use an automaticallyacquiredthesaurusand a WordNet
Similarity measure- suchasthoseavailablein the WordNetsimilarity package.The
ranking resultsare promisingwhen evaluatedquantitatvely on SemCor giving us a
theoreticalwsD precisionof 60%onanall-wordstask.In mary caseshesenseanking
providedin Semcodiffersto thatobtainedbecausef difference®f theinputdatafrom

8This systenmobtainedthe highestprecisionon theall wordstaskfor thosesystemshatdid hot makeuse
of hand-labellediatasuchasSemCor

11



which theautomaticthesaurusvasproduced.In thefuture, we hopeto quantitatvely

evaluatethe rankingsfor domainspecificcorpora. In particularwe planto usethe
rankingsto demonstrat@animprovementin lexical acquisition,andalsoexaminethe
effects of filtering low ranking sensegrior to lexical acquisition. We hopealsoto

usethe differencein rankingsbetweenbalancedcorporaand domainspecificonesto

isolatewordshaving very differentneighboursandthereforerankings,n thedifferent
corpora. As regardsthe filtering, it may be that we needa word specificthreshold
beforefiltering is appliedandwe planto do someexperimentsn this direction.

Thereis plenty of scopefor further work. WordNetis very fine-grained. From
manualanalysisthe thesaurusnethodoften picks a closelyrelatedsenseo the gold-
standardpr anticipated predominansense.We hopeto look at automaticmethods
for clusteringWordNetrelatedsensessuchasthoseproposedy Agirre andLopezde
Lacalle[1]. We have not yet performedary analysison the catgoriesof nounsfor
which our rankingmethodworksbest.Suchanalysiswould alsobe useful,thoughwe
suspecthatperformancelepend®nthegranularityandthatthemethodwill work best
onthosenounswith cleardistinctions.

We alsowantto investigatewhetherthe frequeng of the nounshasa bearingon
performanceinceLin’ smeasur®f distributionalsimilarity hasbeershavn to perform
poorly on semantidasksfor low frequeng words[24]. It would be worth exploring
otherdistributional similarity measure$or producingthethesaurusuchasalpha-skes
divegencd11] andthoseproposedy WeedsandWeir. Additionally, we needto deter
minewhethersensesvhich do not occurin awide variety of contets fare badlyusing
distributionalmeasuresf similarity, andwhatcanbe doneto combatthis problem.

To datewe have only usedthis methodon nouns.We hopeto try it out on verbs,
but we will first needto look into the performancef WordNetsimilarity measuresor
verbs.ResnikandDiab [22] discusghefactthatverb similarity is a differentto noun
similarity becausef the differentpropertiesof verbs,suchasevent structure. They
found lower inter-rateragreementor humangudgingthe similarity of verbsthanhas
beenobtainedn similar experimentgor nouns.

Theleskandjcn measureperformedhe bestin our evaluationsusingSemcCoras
a gold-standard.Sinceboth of thesemeasuresisedifferenttypesof informationwe
couldtry usinga combinatiorof similarity scoreswithin our rankingscore.
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